Abstract. This study examined vegetation distribution and tree line change in the Sangong River watershed in the Tianshan Mountains, Xinjiang, China, using aerial photographs from 1962 and 1981 and a QuickBird image from 2006. An object-oriented classification method was used to map vegetation distribution, and the postclassification comparison approach was used to detect vegetation change. The results were linked to digital elevation model data for exploring the relationships between vegetation distribution/expansion and topographic factors. It shows that Schrenkiana is mainly distributed in the region with elevations less than 2,600 m, but its tree line can reach 2,880 m. Sabina is mainly distributed in the region with elevations within 2,600 to 2,900 m, and its highest elevation can be 3 
Introduction
Forest growth conditions and distribution are influenced by different factors such as climate, topography, and soil types. Forest distribution in mountainous areas has a bottom line and a top line, also known as the alpine tree line. A bottom line is defined as the boundary between forest and grassland or agricultural lands. Forest distribution and change at a bottom line is often influenced by both climate change and human activities (e.g., grazing, wood harvesting, and agricultural expansion), and is sensitive to external interruption. 1, 2 Conversely, forest distribution at the top line is, relative to the bottom line, less influenced by human activities, thus forest cover change at top lines can be largely attributed to climate change. Therefore, research on tree line change in mountainous regions has become an important research topic related to global climate change, biodiversity, and forest ecosystems. [3] [4] [5] [6] The alpine tree line has different definitions depending on research purposes, but most definitions are based on tree height and forest coverage. For example, a tree line may be defined as the highest elevation with individual trees with heights of greater than 2 m, 3 or defined as the closed forest with an elfin wood belt caused by tough natural environments, 7 or defined as the transition between a closed forest and an elfin wood belt. 8 However, no definition adequately includes all characteristics of alpine tree lines, which are highly dependent on environmental/ ecosystem contexts. 9 In practice, the top line of tree growth does not have a clear boundary but is a transition from closed forest to a gradual decrease in tree height and density as elevation increases, representing the region of mixed elfin shrubs and grass. 10 Detection of tree line change has received increased attention in the past decade due to its close relationship with climate change. Different methods such as field measurement, tree ring analysis, model simulation, remote sensing, and geostatistics have been explored. 3, 8, 11 In particular, the remote sensing technique is valuable for tree line research due to its unique characteristics in data acquisition. A variety of sensor data such as Landsat, Système Pour l'Observation de la Terre (SPOT), and IKONOS have been used for examining the spatial patterns of alpine tree transition. 12 Remote sensing techniques are used not only to distinguish tree line distribution, but also to identify vegetation types at the tree line, to select study areas at the project planning stage and to obtain the tree line features in a large area. Medium spatial resolution images such as Landsat are often used to investigate tree lines within a large areal extent, but the resolution is not adequate to distinguish individual trees and to detect the small area changes in the tree lines. At present, satellite remote sensing and geographic information system techniques can be problematic for tree line research due to the relatively short history of data availability, and the temporal lag between tree line response to natural conditions and external interruptions.
Acquisition of aerial photographs has a much longer history than space-based satellite imagery and thus the use of aerial photographs for tree line change detection can partially overcome the shortcomings of the relatively short history of space-based imagery. In addition, the submeter spatial resolution of aerial photographs can be used to discriminate individual trees in the tree ecotone and tree expansion. Although a relatively long history of aerial photographs provid the potential for a better platform for analyzing historical change of tree lines, 13, 14 historical aerial photographs may be not available for a specific study area, thus limiting the application.
Extensive research on tree line detection exists for areas in Europe and North America. [15] [16] [17] [18] However, insufficient attention has been given to monitoring tree line change in arid regions, one of the most vulnerable terrestrial ecosystems. Although forest area accounts for a small proportion of land cover in arid regions, it plays an important role in climate change in this vulnerable ecosystem. The vegetation in arid regions is very sensitive to climate change, especially in the central Asia. 19 Therefore, it is critical to accurately examine tree line change by using high spatial resolution remote sensing data. The objective of this research is to employ aerial photographs which were acquired between 1962 and 1981 along with a 2006 satellite QuickBird image to examine the tree line change in a typical mountainous region in the Tianshan Mountains, Xinjiang, China. This research will aid in understanding the relationships between tree line change and topographic factors in an arid region.
Study Area
The study area-Sangong River watershed (87°47′ to 88°17′ E,43°09′ to 45°29′ N)-is located on the north side of the Tianshan Mountains, Xinjiang, China (see Fig. 1 ). As a typical arid region that has an inland arid climate but relatively high moisture in the mountainous regions, the Tianshan Mountains consist of plain desert grassland [<700 meter above sea level (m a.s.l.)], low-mountain dry grassland (700 to 1,650 m a.s.l.), mid-mountain forest meadow belt (1,650 to 2,700 m a.s.l.), alpine/subalpine shrub and/or meadow (2,700 to 3,500 m a.s.l.), and alpine exposed rock or snow-ice belt (over 3,500 m a.s.l.). 20 The mid-mountain forest belt (1,650 to 2,700 m a.s.l.) is covered by a mountainous coniferous forest, mainly Schrenkiana on the north side of the mountain, and by mountainous meadow with vegetation coverage of 70% to 95% on the south side of the mountain. The areas with an elevation of 2,700 to 3,500 m are alpine and subalpine shrub or meadow belt with vegetation coverage of 30 to 80%. Considering the data availability and the objective of this study, a case study covering approximately 121 km 2 in the mid-mountain forest meadow belt and alpine/subalpine shrub and/or meadow was selected [ Fig. 1(b) ]. According to the Tian Chi weather station, at an elevation of 1,942 m, the study area has an annual precipitation of 525 mm, annual temperature of 2.2°C, and average annual potential evaporation of 1,339 mm. The alpine tree line in the study area is a transition from closed forest (i.e., Picea Schrenkiana, hereafter, Schrenkiana), sparse forest, Juniperus Sabina (hereafter, Sabina), and subalpine meadow. The elevation range in this case study is approximately 2,300 to 3,300 m.
Methods

Data Collection and Preprocessing
Black-and-white aerial photographs with a paper size of 18 × 18 cm 2 each, which were acquired in August 1962 and August 1981, were used in this research. The 1962 photographs have a scale of 1∶6; 000, and were acquired at a flight altitude of 6,450 m. The 1981 photographs have a scale of 1∶8; 000, and were acquired at a flight altitude of 5,575 m. All aerial photographs were scanned and the scanned products have a pixel size of 0.5 m. The processing of aerial photographs includes inner orientation, external orientation, linage control points between aerial photographs, orthorectification, and image output. Ground control points were collected from topographic maps with a scale of 1∶25; 000 and the 2006 QuickBird image. The root mean square error was less than 1 pixel. Figure 2 illustrates the orthorectified aerial photographs in 1962 and 1981. A detailed description of aerial photograph processing is provided in Dai's dissertation.
An orthorectified QuickBird image was acquired in August 2006. QuickBird imagery has four multispectral bands covering visible and near-infrared wavelengths with 2.4 m spatial resolution and one panchromatic band with 0.6 m spatial resolution. In order to make full use of the multispectral bands and panchromatic band with their different spectral and spatial resolutions, principal component analysis was used to integrate both multispectral and panchromatic data into a new dataset with a spatial resolution of 0.5 m for matching the pixel size of aerial photographs.
The stereo photographs were used to produce the 10 m interval contours using MapMatrix software. The contour data were then interpolated and output to produce digital elevation model (DEM) data with a cell size of 2 m. 21 The MapMatrix software package is a comprehensive platform for processing multiple source data to generate DEM data with different spatial resolutions and digital orthorectified images based on aerial photographs and/or satellite images. 21 Through automatic control and manual editing of the 10 m contour data, elevation error can be controlled to less than 15 cm. 
Vegetation Classification
Before performing a land cover classification, it is necessary to design a suitable classification system based on the characteristics of the study area and research objective. A classification system with three land-cover types-Schrenkiana, Sabina, and others were designed for this research. The Schrenkiana class is defined as a single tree or forest having tree height of over 2 m and crown size of greater than 1.5 m 2 . The Sabina class is defined as the vegetation having coverage of greater than 10% within an area of 20 m 2 and a height of greater than 0.5 m. The others class is any other land covers except Schrenkiana and Sabina.
Per-pixel based classification algorithms are the most common methods for land cover classification, 22 but often generate relatively poor classifications when very high spatial resolution remote sensing data are used. 23 Utilizing the spatial features inherent in high spatial resolution images, object-oriented classification algorithms have been proven to provide better classification than the per-pixel based algorithms 23, 24 and thus the object-oriented classification using the Definiens eCognition software 25 was used in this research. The object-oriented classification method is based on two critical steps-image segmentation and classification. A good segmentation result is fundamental for this method. One critical step is to identify suitable parameters to generate the segment image. The determination of segmental scale is required, which is often based on multiple scales, depending on the complexity of landscape and spatial resolution of remote sensing image. In general, some land covers such as bare soil, desert, and dense crops are composed of relatively large, homogeneous patches, and thus a relatively large segment scale is required; while other land covers such as residential and grass in urban landscape have relatively small patch sizes and complex boundaries, thus a relatively small segment scale is necessary. In addition to the use of scale parameter, other parameters-color, shape, smoothness, and compactness-must also be evaluated and defined. These parameters are used to determine the fitness between the segmentation boundary and land cover boundaries, and they are modified through weights of each parameter. The procedure to identify the optimal parameters is often dependent on the complexity of the study area and the nature of the remotely sensing data being classified. After segmentation, the classification is conducted on the segment images. Different supervised classification algorithms such as k-nearest neighbor and decision tree can be used, which are based on training samples selected from the segment images respectively. A detailed description of the object-oriented classification is provided in the user guide of eCognition Developer. In this research, we used this software to develop vegetation classifications using the 2006 QuickBird image as well as scanned aerial photographs, based on the optimization of the parameters used in eCognition for segmentation and the k-nearest neighbor algorithm for vegetation classification.
In the 1981 photographs, most of the Sabina class can be accurately classified, but in the 1962 photographs, Sabina cannot be separated from other land cover due to the photograph quality. Thus, only two classes-Schrenkiana and others were classified in the 1962 aerial photographs. Compared with the QuickBird image, the aerial photographs have relatively poor data quality, thus further post-processing was required. For example, the Schrenkiana canopy-cast shadows are confused with grass in the black-and-white photographs. This problem is solved by establishing the relationship between canopy and neighboring tree cast shadows. The relatively large shadows in the forest edge often result in forest misclassification in segmentation process due to the impacts of terrain slope and sun elevation angle. This problem is solved using the standard deviation of pixels after segmentation.
Field work was conducted in September 2010 and September 2011. Ninety-two plots in the reachable slope areas were documented. Each plot was a circle with a semi-diameter of 5 m. The area percent of Schrenkiana and Sabina were measured within each plot. These plots were used to evaluate the classification result from the 2006 QuickBird image. Although the date for ground truth data collection has a 4 to 5 years difference with the QuickBird image acquisition date, the vegetation type can be assumed unchanged in this study area due to the low-level of human activity and very slow growth rate at the upper area of the mountainous region. For the results from the 1962 and 1981 aerial photographs, since no field measurements were available, the test samples were randomly collected by visual interpretation from the aerial photographs. In this study, a total of 90 plots were randomly generated from each date of photographs, with a circle of 5-m semi-diameter for measuring the coverage of each class. For example, Schrenkiana, Sabina and others have coverages of 30%, 20%, and 50%. The error matrix approach was used to assess the classification result for each date. Overall classification accuracy and kappa coefficient for each classification image, and producer's accuracy and user's accuracy for each land cover type were calculated from each error matrix. 26, 27 Topographic factors, such as elevation, slope, and aspect are important factors influencing sun illumination, precipitation, and temperature, as well as soil type and depth in mountainous regions. These factors comprehensively affect vegetation species distribution and vegetation growth rates. 6, 28, 29 In this research, the analysis of vegetation distribution and topographic factors was based on the 2006 QuickBird classification image and the DEM data. Considering the data availability, a total area of 33.29 km 2 [see subregions 1 and 2 in Fig. 1(b) ], which coincided with both the QuickBird coverage and DEM data, was selected. The elevation range of approximately 2,300 to 3,300 m in this study area is a typical site for examining tree line change in an arid ecosystem.
Vegetation Change Detection
The vegetation change analysis was based on the overlap areas of aerial photographs in 1961 and 1981, the 2006 QuickBird image, and the 2-m DEM data. Two subregions as illustrated in The postclassification comparison approach is often used to examine land cover change trajectories and this method was used to examine vegetation expansion in this research. The vegetation change result was then overlaid on the topographic layers (e.g., elevation, slope, and aspect) to examine how different terrain conditions affect vegetation change, especially the dynamic change of tree lines over the past four decades.
Results
Analysis of the Relationship between Vegetation Distribution and Topographic Factors
Classification accuracies for the three dates are summarized in Table 1 Fig. 4 ). In this case Note: RT and CT represent row total and column total; UA and PA represent user's and producer's accuracy; OA and KA represent overall accuracy and kappa coefficient. study, Schrenkiana is mainly distributed within the elevation range of 2,300 to 2,650 m with a peak value of 2,400 m. The Schrenkiana area decreases gradually from the maximum value at the elevation of 2,400 m to the minimum value at the elevation value of 2,850 m. Sabina is mainly distributed in the elevation range of 2,600 to 2,900 m with the peak at 2,750 to 2,800 m. The Sabina area decreases gradually from the peak at 2,800 m to the minimum at the elevation of 3,250 m [see Fig. 4(a) ]. In this study area, Schrenkiana is the dominant vegetation in the elevation range between 2,300 and 2,650 m; Schrenkiana and Sabina become evenly distributed in the elevation range between 2,650 and 2,700 m; and Sabina areas become dominant when the elevation value is greater than 2,700 m. However, after the elevation reaches over 3,250 m, grass and bare lands become dominant. The relationship between vegetation distribution and elevation fit the alpine vegetation distribution well. Both Schrenkiana and Sabina have similar relationships to slope, and are mainly distributed within the slopes between 25 and 36 deg [ Fig. 4(b) ]. However, Schrenkiana area reached a peak at slopes of about 30 deg, and Sabina reached a peak at slopes of about 33 deg. This is because Sabina is often distributed in higher elevation areas with steeper slopes than Schrenkiana [ Fig. 4(a) ].
The statistical analysis of vegetation distribution along slope aspects indicates that Schrenkiana and Sabina distribution varied significantly in aspects [Fig. 5] . Schrenkiana is mainly distributed along the northern aspect (about 300 to 60 deg), and its area gradually decreases from both northwest (from about 300 to 180 deg) and northeast to south (from about 60 to 180 deg) [ Fig. 5(a) ]. On the other hand, Sabina distribution is mainly distributed in the southwest (about 200 to 300 deg) and northeast (about 40 to 100 deg) and had limited distribution in the north, northwest and northeast (about 300 to 40 deg). The study area has very limited area distribution in the southern aspect (about 140 to 190 deg). Figure 5 also indicates that Schrenkiana is mainly distributed in the areas away from the sun, and Sabina is mainly distributed in areas facing the Sun. This is related to the physiological property of both Schrenkiana and Sabina. Schrenkiana is a shade-loving plant at young stages and sensitive to aspects, while Sabina is sunny-loving plant, less sensitive to aspects, and has a strong capability in different biophysical environments, such as dry and poor soil conditions, thus Sabina is more commonly distributed in the aspects facing the Sun than Schrenkiana.
Analysis of the Relationships between Vegetation Change and Topographic Factors
Analysis of Schrenkiana change at both subregions as illustrated in Fig. 6 indicates that the increased Schrenkiana areas are mainly distributed at the forest frontiers, especially in the relatively high elevation areas, indicating the tree line change. Table 2 indicates that the increased areas in both subregions are higher in the period from 1981 to 2006 than in the period from 1962 to 1981. Examination of the changed Schrenkiana areas and corresponding elevation data Sabina expansion areas along with elevation change varied considerably between the subregions, as illustrated in Fig. 11 . In subregion 1, the peak of Sabina expansion area varies with the peak of the 1981 Sabina distribution, and the elevation of peak becomes smaller [ Fig. 11(a) ]. The Sabina distribution in 1981 has only one peak, but the expansion between 1981 and 2006 has three peaks with the peak values become smaller as elevation becomes higher. In subregion 2, the peak of Sabina expansion area is similar to the 1981 Sabina distribution [ Fig. 11(b) ]. However, the highest elevation of Sabina expansion in subregion 2 is obviously lower than that in subregion 1; in contrast, the Sabina expansion in subregion 2 at lower elevation areas is obviously higher than in higher elevation areas, and the expansion trend in the high elevation area in subregion 2 is smaller than in subregion 1, implying that the Sabina expansion in subregion 1 is more prone to occur at higher elevation areas. 
Discussion and Conclusions
Accurately detecting the tree line change is a challenge due to many factors, such as (1) different definitions of tree lines, (2) small extent changes with very low change rate, (3) the difficulty in obtaining high-quality, high spatial resolution images, especially before the 1990s, (4) the difficulty in obtaining ground truth data for validation of results, especially for historical data, (5) lack of high spatial resolution DEM data, and (6) lack of suitable techniques to accurately detect tree line change. In this study, we adopted the popular definition of the tree line, and collected historical aerial photos acquired in the 1960s and 1980s, in addition to the use of very high spatial resolution satellite imagery acquired in 2006. We explored the relationships between vegetation dynamic change and topographic factors in an arid region. This research overcomes some limitations in detecting the tree line change by using very high spatial resolution images and using the object-oriented classification algorithm. The results will promote research for further examination of the relationships between tree line change in mountainous regions and global climate change and biodiversity.
In many study areas, very high spatial resolution images are not always available. Since the Landsat series of satellites has a relatively long history, use of Landsat images becomes the primary choice for many studies, even for the detection of tree line change. 10 However, the relatively coarse spatial resolution limits its application if a per-pixel based method is used, because the tree line change is often less than one pixel (e.g., 30 m by 30 m for Landsat TM imagery). Therefore, new techniques are required to solve the mixed pixel problem. Spectral mixture analysis and estimation of vegetation abundance may be potential solutions.
This research indicates that Schrenkiana is mainly distributed in the regions with elevations of less than 2,650 m, and the tree line reaches 2,880 m. Sabina is mainly distributed in the regions with elevation range of 2,600 to 2,900 m and a limited area has an elevation value of 3,270 m. Although the peak value of Sabina distribution is higher than Schrenkiana at different slopes, both of them have similar distribution trends in slopes; conversely, both of them vary considerably in slope aspects. Schrenkiana is mainly distributed in northward slopes, that is, the areas in aspects of 0 to 45 deg and 270 to 360 deg account for 73% of the total Schrenkiana area. Sabina distribution is mainly in sunny-slopes, that is, areas in the slope aspects of 45 to 90 deg and 225 to 270 deg account for 52% of the total Sabina area. Sabina expansion area within 25 years is higher than that of Schrenkiana expansion areas within 44 years, which is related to their physiological properties.
